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Abstract

This study measures the link between expected health and contextual
health uncertainty on sexual behaviours associated with the risk of HIV
infection. We extend similar studies on the subject by focusing on contex-
tual factors as a way of explaining individual sexual behaviour in low and
high HIV infection areas across sub-Saharan Africa. Overall, we find ex-
pected health and contextual health uncertainty to have significant effects
on sexual risk taking. These results point to the fact that context is equally
important than the widely held view that individual level characteristics
(e.g. lack of HIV/AIDS knowledge) contributes to risky sexual practices.
These findings give support to UNAIDS ‘know your local epidemic’, as
health and uncertainty appear to be background factors shaping sexual
behaviours associated with the risk of HIV infection. Thus it becomes
paramount to look at the context within which sexual behaviours can be
altered.

Keywords: Contextual factors, Risk Taking, HIV/AIDS, Sexual be-
haviour, Expected health, Health Uncertainty

1 Introduction

The HIV/AIDS epidemic remains a worldwide concern, particularly in sub-
Saharan Africa. In this region, the main mode of HIV transmission is heterosex-
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ual sex (Wilson and Halperin 2008; Reniers and Watkins 2009; UNAIDS 2010a;
Lurie and Rosenthal 2010; Mah and Halperin 2010). Indeed, UNAIDS statis-
tics show that, in 2009, 80% of new infections in sub-Saharan Africa occurred
through sexual intercourse (UNAIDS 2010a). If people were unknowledgeable
about how HIV is transmitted, these statistics would not be very surprising.
However Demographic and Health surveys show that there is now nearly a global
awareness that HIV can be acquired via unprotected sex. So why do people ex-
pose themselves to the risk of getting a potentially lethal disease? Wellings et
al., (2006) reviewed global sexual behaviour patterns and found that the phys-
ical and social context does play a role in HIV/AIDS transmission. However,
although policy to some extent has embraced these suggestive results, in terms
of implementing policy designed to match underlying contextual factors, partic-
ularly known as “know your epidemic, know your response”1 (UNAIDS, 2008;
WHO, 2013), most quantitative empirical studies on sexual behaviour tend to
focus on individual behaviour (Coates et al., 2008; Benefo, 2010), and almost
no one considers social interactions and the physical and social contexts. In
light of this gap, the objective of this paper is to examine the responsiveness of
sexual behaviour to individual and contextual factors. Our central hypothesis
that risky sexual behaviour is determined by the social or physical environment
an individual belongs to.

Understanding a social phenomenon in a context specific setting is common
practice in sociological studies. Research dating back to the early twentieth
century demonstrated the importance of the social and physical environment in
determining an individual’s health outcomes (e.g. Goldberger, 1916). More re-
cent studies have confirmed these conclusions (Macintyre et al., 2002; Gabrysch
et al., 2008; Diez-Roux, 2010). It may therefore be of great importance to
go beyond the study of individual characteristics (UNAIDS, 1999; Diez-Roux,
1998; Adimora and Schoenbach, 2005; Diez-Roux, 2010) and incorporate the
social and physical environment into the analysis of individual health outcomes
(UNAIDS, 1999; Logan et al, 2002; Adimora and Schoenbach, 2005; Diez-Roux,
2010).

In accordance with the above, the empirical analysis in this paper sets out
to test to what extent the physical and social environment matters for sexual
risk taking. Our hypothesis is derived from the theoretical model developed
by Mannberg (2012). Mannberg (2012) uses expected utility theory to show
that the incentive to abstain from sexual risk taking depends on the expected
value of the future. The theoretical model gives three main predications: An
increase in contextual uncertainty of future health reduces the incentives to
abstain from risky sexual behaviour. An increment in expected level of future
health increases incentives to refrain from sexual risk taking. Finally, an increase
in future income has ambiguous effects on incentives to engage in risky sexual
practices.

Our analysis extends the current literature (e.g. Dow et al., 1999; Benz

1 It means knowing where the epidemic exists (regional and in terms of the populations most
affect) and also what are its main drivers and where it is moving. In-depth understanding of
the social and behavioural context is central to knowing your epidemic (UNAIDS, 2007: p.vi).
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2005; Bezabih et al., 2010; Oster, 2012) in several ways. As in the analysis con-
ducted below, Bezabih et al., (2010) estimate the relationship between expected
income, expected health and health uncertainty on the one hand and sexual
risk taking on the other. However, since the study is only based on data on
young adults in Cape Town, South Africa, their ability to utilize differences in
uncertainty is limited. To ensure sufficient heterogeneity in as many contexts
as possible, we follow Oster (2012) and include six cross-sectional Demographic
and Health Surveys (DHS), three from Eastern Africa (Tanzania, Kenya and
Uganda) and the others from Southern Africa (Swaziland, Lesotho and Zim-
babwe). Our analysis augments Oster (2012) in terms of looking more closely
at the contextual effects such as uncertainty of the future. In addition, we use
a more holistic measure of sexual risk taking in comparison to most previous
research in the field. More specifically, while previous researchers have relied
on single variables related to sexual risk taking, we combine different indicators
into a risky sex index. Our approach for example implies that we not only con-
sider if the individual had many sex partners, but also to what extent condoms
were used. We believe that approaching the problem this way is paramount in
order to correctly capture sexual risk. In contrast to most previous research, we
also include individuals who have not had sexual intercourse as the decision to
abstain is likely to constitute a form of protective sexual behaviour (Bezabih et
al., 2010).

Finally, we follow Oster’s (2012) approach to deal with the likely endogeneity
of expected health. This approach involves using INDEPTH life tables and
malaria frequency as an instrument for life expectancy. However, in contrast
to Oster (2012) we also estimate uncertainty of future health based on these
measures. More specifically, we estimate the variance of life expectancy at the
social group level (see Manski 1993; Grodner and Kniesner 2005; Brock and
Durlauf 2007; Blume et al., 2010). Our social group composition follows Brock
and Durlauf (2007). An advantage of relying on social group as a level of
aggregation (vis-a-vis location) is that the group characteristics enables us to
use a unique trendsetter instrument, to circumvent the identification problem,
as opposed to community based aggregation which is less amenable to the use
of instruments.

Overall our study extends the focus of these two recent studies and in the
literature in general on the subject along the following key areas: focus on so-
cial and physical environment as a way of explaining individual (risky sexual)
behaviour and its representativeness in low (Eastern Africa) and high (South-
ern Africa) HIV infection areas across Africa. We use two measures of health
(INDEPTH tables and malaria frequency) in an attempt to purge out the re-
verse causality between health and sexual behaviour. We use a large sample
of 56,134 adults in their reproductive age, including adults who have not had
sexual intercourse. In our analysis an adult is the unit of analysis. We aggregate
sexual behaviours into a risky sex index, a representation of overall risk. Hence
with these extensions our results generally suggest that future health and health
related contextual uncertainty have significant effects on the current patterns
of risky sexual practices. The rest of this paper is organised as follows: sec-
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tion 2 gives a background of the study area, data sources and construction of
variables. Section 3 discusses the estimation methodology. Section 4 shows the
results, and a conclusion is provided in section 5.

2 Study area, Data and Variable Construction

2.1 Data and Study Area

The data for this analysis stems from the Demographic and Health Surveys
(DHS). DHS are cross-sectional surveys conducted in low and middle income
countries in five year intervals. The surveys focus on population, nutrition and
health, with recent surveys collecting data on HIV/AIDS including knowledge
of the disease and sexual relationships, and in some countries the surveys incor-
porate HIV testing. In order to account for heterogeneity in HIV prevalence in
the African continent (James et al, 2006; UNAIDS, 2010b), we include surveys
that occurred in the early 2000s in Tanzania, Kenya and Uganda from Eastern
Africa; and Swaziland, Lesotho, and Zimbabwe from Southern Africa, with the
former region having lower infection rates than the latter. Combined together,
the surveys contain 56,134 adults aged between 15 to 49 years.

DHS has a number of sexual behaviour variables. We use variables that
are available and common in all countries. We observe that the age of sexual
debut among the selected surveys is 17 years. The average age among those
who are sexually active is 26, while those who have not had sex are on average
18 years of age. Overall, the selected DHS show very low condom use (15.9%)
with the last sex partner. This is quite surprising considering that 77.8% know
that one of the HIV prevention methods is consistent condom usage. We find
that condom usage is highest among those who are single (52.7%); followed by
those who are divorced (31.4%); not living together (29.0%); widowed (25.9%);
living together (10.3%) and lowest among those who are married (6.3%). A
plausible explanation could be that although these adults are aware of the risks
of HIV infection through lack of condom use, they feel safe that the person they
are having sexual intercourse with is a spouse. Another possible explanation is
culture and asymmetric sexual power which is prevalent in this region. This in
essence justifies our approach of aggregating sexual behaviours, as opposed to
using isolated measures. Additionally, at first glance it would appear that the
adults in DHS have on average one sex partner. However, when we dig deeper
we find that this pattern changes when we compare across relationship type.
We see higher number of sex partners among those who are not living together
with their sex partners, and some evidence for this among the divorced and
those who have never been married.

2.2 Risky Sex Index

Most sexual behaviour studies have in the past concentrated on measuring HIV
risk using isolated individual behaviours, such as condom use, sexual debut or
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multiple partners. This study adopts the view of Bezabih et al., (2010) that
to gain a more accurate understanding of risky sexual behaviour, one needs
to aggregate these individual behaviours. For example, assessing condom use
between non-users (risky behaviour) and users (safe behaviour) is unlikely to
produce the overall risk. For example, lack of condom use on a spouse is unlikely
to produce the same risk as lack of condom use on a commercial sex worker.
Essentially, individuals who deem themselves as practicing more risky sexual
behaviour are more likely to adopt other protective sexual behaviours to coun-
teract their overall sexual risk2 . For this reason we address this shortcoming in
the current studies by using a risky sex index as the outcome variable, a more
comprehensive measure that captures the overall sexual risk.

The aggregation of sexual behaviours is relatively new and available in psy-
chological literature (e.g. Van der Velde and Van der Plight, 1991; Van der
Plight, 1996). However, most studies that have attempted to do so have used
ad-hoc methods to allocate weights to the various sexual behaviours. We follow
Bezabih et al., (2010) who recently constructed a risky sex index using con-
firmatory factor analysis (CFA) to assign weights to different behaviours. To
compute the index we use: type of relationship with last partner, number of
sex partners, condom use with last partner and age of sexual debut3 . However,
condom use is not included in the CFA aggregation because it is likely to be
correlated with the number of sex partners. This is because rational individuals
with many sex partners are likely to use condoms and due to this correlation,
condom use will have a positive loading which may wrongly be interpreted as
an increased risk. Accordingly, we use qualitative aggregation and multiply the
CFA index by 1 if condoms are used with the last sex partner and 2 if condoms
are not used. Lastly and most importantly, individuals who have never had
sexual intercourse are often excluded from sexual behaviour studies. We put
forth two arguments why this group should be included. Firstly, their decision
to abstain is likely to constitute their own HIV prevention strategy. Secondly,
because sexual debut is mainly influenced by age, older individuals are more
likely to have had sex than younger individuals4 . Hence this group is included
in the index with zeroes. Therefore the higher the score of the index the riskier
the sexual behaviour, while zero represents no risk.

The distribution of the risky sex index is depicted in Table B.1 in Appendix
B. Panel A compares the risky sex quartiles with the individual sexual behav-

2For example and as previously mentioned DHS shows that condom use is highest among
those who are single (52.7%); divorced (31.4%); not living together (29.0%); widowed (25.9%);
living together (10.3%) and lowest among the married (6.3%).

3The index score was constructed following Kolenikov (2010). After calculating the index,
Root mean squared error of approximation (RMSEA) which measures the absolute fit was
conducted to evaluate the CFA model fit, where RMSEA values of 0.05 and less and a confi-
dence interval covering this range indicate a good fit. Our RMSEA values fall in this range
therefore indicating a good fit. We also conducted the Tucker-Lewis non-normed fit index
(TLI) test and Bentler’s comparative fit index (CFI) test where indices close to 0 show a poor
fit and those close to 1 a good fit. Our TLI and CFI were close to 1 indicating a good fit.

4This is consistent with the observation in the DHS. Specifically and as noted earlier the
average age of those who have had sex is 26 while those who have not had sex are on average
18, while the age of sexual debut is 17.
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iours used to calculate the index, while Panel B compares the risky sex index
across the six countries. Specifically, Panel A shows that the age of sexual de-
but decreases as we move from the first to the fourth quartile. We also see
that the average number of sex partners increases as we move from the first to
fourth quartile. Condom use seems to disappear as we move to the fourth quar-
tile. Finally, we also observe that the type of relationship with a sexual partner
changes from being a spouse to being a casual acquaintance as we move from
the first to the fourth quartile. This confirms that the higher the score of the
index the riskier the sexual behaviour. Panel B shows that the population from
East African countries: Kenya (the majority - 32.7% - are in the first quartile of
the risky sex index), Tanzania (29.8% are in the first quartile which represents
the majority) and Uganda appear to have less risky behaviour than the popula-
tion in the Southern Africa countries: Lesotho (the majority, 34.8% are in the
fourth quartile), Swaziland (46.1%), although Zimbabweans appear to exhibit
less risky behaviour as well. This is somewhat consistent with findings recorded
in the literature, where riskier sexual behaviours are recorded in the Southern
part of Africa compared to the Eastern parts (see, e.g., UNAIDS, 2010b).

While our risky sex measure is more comprehensive than isolated sexual
behaviour measures, it is however not a perfect measure. Theoretically, risky
sexual behaviour related to HIV infection may be narrowly defined as all types
and frequencies of sexual intercourses with partners with unknown HIV status.
Arguably, however, this definition is unlikely to be exhaustive of sexual risk
taking and we view this as the basic (narrow) definition5 . The drawback of our
risky measure is that we have not included all sexual behaviours. Rather our
choice of variables was guided by availability of sexual behaviour information in
the DHS. Thus in light of this we see our measure as more of a baseline aggre-
gation of sexual behaviours. It is our strong opinion that the current literature
will greatly benefit from future studies that can incorporate an exhaustive list
of sexual practices, for example using sexual behaviour diaries.

2.3 Expected Future Health

To make up for the lack of a direct measure of life expectancy data in the DHS
and in an attempt to find a non-HIV life expectancy, we use life expectancy
from two different sources6 . The first measure is an extension of Oster’s (2009)
work and uses life expectancy from INDEPTH life tables, while the second uses
life expectancy from malaria frequency following Oster (2012).

The first life expectancy is calculated from INDEPTH model life tables.
These tables specific to sub-Saharan Africa are classified into pattern 1 and pat-
tern 2. Pattern 1 is based on populations of West and Central Africa where HIV

5For instance the knowledge and quality of sexual behaviour - an individual who has
knowledge of how to use a condom correctly, for example, has a lower risk than another who
lacks such knowledge.

6The measure for expected health, life expectancy is widely believed to represent one
of the best indicators of the overall health of a population (Oster, 2009; WHO, 2010). The
essence of using different measures of life expectancy is to attenuate the measurement problems
associated with its approximation.

6



prevalence is less than 10%, while pattern 2 depicts those of East and Southern
Africa where HIV prevalence is usually above 10% (INDEPTH, 2004). The chal-
lenge, however, is the reverse causality between the INDEPTH life expectancy
and our outcome variable risky sex, thus unlikely to produce non-HIV life ex-
pectancy. This is because the tables are influenced by the prevailing HIV/AIDS
mortality (INDPETH, 2004). To cushion against this reverse causality we ap-
ply different novel approaches where we match different mortality rates (pre
and post HIV mortality rates from the 1980s and 2000s respectively) to either
pattern 1 or 2 of the life table.

In the first approach child mortality rates from the current 2000s DHS are
employed.We refer to these mortalities as post-HIV mortalities. We then apply
pattern 2 from the INDEPTH life tables since our surveys are from Eastern and
Southern Africa. This first approach follows the work of Oster (2007). After
computing the life expectancy, we use instrumental variable (IV) in our analysis
as the life expectancy is unlikely to be non-HIV life expectancy. In the second
approach we maintain the post- HIV mortalities, although in this case we apply
pattern 1 instead of pattern 2 of the model life table, which is based on low
incidence of West and Central Africa mortality patterns. However, because we
use the post-HIV mortalities this life expectancy is also unlikely to be non-HIV
life expectancy. The third and final approach uses child mortality rates from the
1980s DHS. This we term the pre- HIV mortalities. Secondly we use pattern
1 of the model life table, hence this proxy is likely to give us non-HIV life
expectancy. As such we do not use IVs when analysing this measure. Overall
therefore the use of the above different approaches affords us the opportunity
to work with three different types of expected future health proxies.

The second expected health measure follows the work of Oster (2012) and
uses life expectancy from malaria frequency. The malaria frequency is based
on the number of months of malaria a given region is expected to have in a
typical year. In accordance with Oster (2012), we follow Tanser et al., (2003)
and calculate malaria frequency in each of the 67 districts in the DHS using the
existing climatic conditions (precipitation and temperature). The climatic vari-
ables are sourced from the World Bank (WB) Climate Change Knowledge Portal
(CCKP). In specific, we use Tanser et al., (2003) 43 African countries malaria
exposure estimates and the WB precipitation and temperature in each of the 67
districts. We then regress malaria exposure on precipitation and temperature
and thereafter use the estimated coefficients to derive malaria frequency for each
district. The advantage of this measure is that it is likely to be exogenous in
our model as malaria frequency is based on climatic factors only and therefore
does not contain any behavioural factors that may result in reverse causality
(Oster, 2012). We are therefore able to produce non-HIV life expectancy and
eliminating the causality issues associated with the life expectancy from the
INDEPTH life tables.
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2.4 Uncertainty of Current and Future Health

Following Bezabih et al., (2010), health uncertainty is measured as the variance
of life expectancy. Since we have two sources of life expectancy this implies that
we have two measures of health uncertainty. To model uncertainty we borrow
from the literature on social interaction, and introduce social space which is
defined as: “man’s social position is the totality of his relationships towards all
groups of population and within each of them, towards its members” (Sorokin,
1927 cited in Prandy and Lambert 2003: p. 399). On similar lines Bourdieu
(1987) states that “The social space is constructed in such a way that the closer
the agents, groups, institutions which are situated within this space, the more
common properties they have and the more distant the fewer (Bourdieu 1987:
p. 16). It is this social proximity (e.g., social networks, groups or communities)
between individuals that will cause them to have similar characteristics and/or
behaviour. We consider two types of social space: social groups and communi-
ties, where we use variance of life expectancy at social group and community
level as proxies for the contextual effects of health uncertainty7 .

The first measure of health uncertainty uses life expectancy from the IN-
DEPTH tables and calculates the variance of life expectancy at a social group
level defined by age, gender and income8 . This type of group composition is
motivated by the fact that there is a general consensus in the social proximity
literature that individuals who are similar are likely to interact socially. This no-
tion of behaviour following that of similar others tendency is dubbed inbreeding
or homophily by sociologists, while economists refer to it as positive matching
or assortative matching (Conley and Topa 2002). The principle behind similar
others can be found in Etile (2007) analysis of norms related to body weight. It
is also common in peer effects studies where classmates are used as groups, under
the proposition that they interact because of sharing similar courses/classrooms
(See De Giorgi et al., 2010; Fletcher 2010; Lundborg 2006). The adoption of
the similar others concept can also be found in the work of Carter et al., (2001);
Moody (2001); Conley and Topa (2002); Vendrick (2003); Liljer et al., (2003);
Lugalla et al., (2004) and Munshi (2006). Accordingly, in the current analysis
we assume that individuals with similar age, gender and income are likely to

7This follows from Manski (1993) who notes that: “linear models of social effects gives
formal expression to three hypothesises often advanced to explain the common observation
that individuals belonging to the same group tend to behave similarly. These hypothesis are:
(a) endogenous effects, where the propensity of an individual to behave in some way varies
with behaviour in the group. (b) exogenous (contextual) effects, where the propensity of
individual to behave in some way varies with the exogenous characteristics of the group. In
the sociological literature this is referred to as a contextual effect. Inference on contextual
effects became an important concern of sociologists in the 1960s, when substantial efforts were
made to learn the effects on youth of school and neighbourhood environment. (c) correlated
effects, where individuals in the same group tend to behave similarly because they have similar
individual characteristics or face similar institutional environments” (Manski, 1993: p. 532).
Accordingly, our empirical framework, in section 3, is motivated by the linear-in-means model
following Manski (1993).

8Our sample includes individuals from 6 countries. Within these six countries we have a
total of 67 districts/regions. The social group is assumed to be the same for everyone in a
district.
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interact and hence create social groups based on this classification. However,
as noted earlier we cannot substantiate whether these individuals do indeed
interact. Thus our social groups are likely to suffer from measurement error.
Future studies that use social network datasets could greatly contribute to this
limitation.

The second measure for current health uncertainty is the variance of life
expectancy from malaria frequency at the country level, capturing differences
between countries and region. First, this methodology avoids social grouping
and hence measurement error associated with this grouping. Second, this mea-
sure is likely to be exogenous given that the life expectancy is derived from
malaria frequency which is dependent on climatic variables.

Next, we test our health uncertainty measure (i.e. the variance of life ex-
pectancy from life tables and malaria). It is stated that, in developing countries
uncertainty is mostly associated with, among others, mortality rates (see Mont-
gomery and Casterline, 1996; Montgonery et al., 1998). That is, areas with high
mortality rates (e.g. war zone areas or an area with an outbreak of an epidemic)
are likely to contain an uncertain future for the inhabitants. For example, Benz
(2005) found high levels of risky sexual behaviours in the war zone areas of
sub-Saharan Africa. Also, uncertainty is associated with higher birth rates in
younger women from disadvantaged populations, i.e., the weathering hypothesis
(Geronimus 1996, Geronimus et al., 2006). Another example is parental uncer-
tainty regarding HIV/AIDS status which has been associated with a decrease in
children’s school enrolment (Grant, 2007). Accordingly, we compare the health
uncertainty measures (normalised for ease of comparison) with World Bank
(WB) mortality data for each country. Figure C.1 in Appendix C shows the
distribution of our health uncertainty measures9 . We find health uncertainty to
be higher in Zimbabwe and Lesotho. Figure C.2 shows the WB mortality rates
by gender between 2002 and 2007 in each country. A comparison between the
two figures potrays a similar pattern, where Zimbabwe and Lesotho are ranked
the highest, which somewhat validates our health uncertainty measure.

2.5 Expected Income

DHS do not contain any information on income or expenditure. Instead, the
surveys have wealth indices. There are however two likely weaknesses with
these indices. Firstly, the wealth indices were calculated using dichotomised
principal component analysis (PCA) (Rusten and Johnson, 2004), this is despite
the fact that PCA is specifically designed for continuous data. Applying PCA
to categorical data renders the indices biased (Kolenikov, 2009b; Bezabih et
al., 2010). Secondly, country specific information on household assets, housing
conditions and utility services were used in calculating these indices (Rusten
and Johnson, 2004), which makes comparison of wealth indices across countries
inaccurate. It is against this background that we opt to instead compute our own
measure of expected income instead of using the DHS wealth index. We use two

9Note that we normalise the health uncertainty measures by dividing with the largest value.
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different measures for expected income: household income and wealth indices.
One of the motivations for using different measures is that they capture essential
but different dimensions of expected income. More specifically, the household
income is more reflective of the current earning capacity of the household. In
contrast, durable goods ownership which reflects earnings not easily converted
to current income is captured by wealth indices better. Another motivation is
that these various measures possess different drawbacks which we discuss below
and as a result we use the different measures to check the robustness of our
results to different expected income definition.

To compute the wealth indices we follow the index base method (see Rusten
and Johnson, 2004; Grimm et al., 2008) and use similar characteristics (house-
hold assets, housing conditions and utility services) across the six countries and
confirmatory factor analysis. This measure is however not perfect. Without
purporting to be exhaustive, wealth indices do not capture the differences in
the quality of durable goods, for example an old black and white television is
not distinguished from ownership of a seventy two inch colour television. Impor-
tantly, the indices also do not adequately capture the differences in preferences
for durable goods, which are more prominent, between the rural and urban
areas. That is, in rural areas preference is more likely to be towards livestock
keeping or farmland ownership whereas the durable goods used in wealth indices
are more preferred in the urban areas. Additionally, provision of electricity, san-
itation, water and housing are more likely to take place in urban areas than in
rural areas in most countries in sub-Saharan Africa, making these indices biased
against rural areas. Moreover, access to services such as electricity depends on
the availability of infrastructure which is more likely to be available in urban
than in rural areas (see Vyas and Kumaranayake 2006; Grimm et al., 2008;
Booysen et al., 2008).

This brings us to the second measure, which is household income. This ap-
proach is based on the assumption that households smooth their consumption
over time and therefore monthly household expenditure is likely to be equal to
monthly income (Grimm et al., 2008; Oster 2009). To impute the household
income we use the regression based approach (see Rusten and Johnson, 2004;
Grimm et al., 2008; Oster, 2009). A drawback of this measure is that if the
income smoothing assumption made above does however not hold, this proxy
is likely to be biased. Additionally, in imputing this measure we used parame-
ters estimated from external datasets (household and income surveys - Living
Standard Measure Surveys (LSMS)) which raises the question of comparability
between the DHS and the external datasets. That is, the explanatory variables
in the regression are likely to be inconsistent between the DHS and the external
dataset due to either measurement error or differences in the definition of the
variables (see Sahn and Stifel 2003; Vyas and Kumaranayake 2006 and Grimm et
al., 2008). Lastly, we include control covariates (see Bezabih et al., 2010; Oster
2012) following the standard practice in sexual behaviour literature: educational
attainment, knowledge of HIV prevention methods, and knowing someone with
HIV/AIDS or someone who has died of AIDS.
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3 Estimation and Identification Strategy

To recap, the primary aim of this study is to assess the causal effects of expected
health, expected income and health uncertainty on risky sex. In the assessment
we depart from the current studies and include individuals who have not yet
sexually debuted. This is because abstinence is one of the three “ABC” approach
to HIV-prevention alongside monogamy (i.e. ‘be faithful’) and condom use
(see Shelton et al., 2004; Murphy et al., 2006). Thus staying in abstinence in
essence depicts adherence to HIV-prevention method: a strategy of eliminating
heterosexual transmission of HIV. Therefore these individuals form an integral
part of a low risk group and should therefore be incorporated into our analysis
of sexual risk taking.

Accordingly, our sample contains two distinct groups, one that has sexually
debuted (80.7%) and another group that has not yet sexually debuted (19.3%).
Having these two distinct groups however introduces two problems. One of the
problem is that sexual debut is likely to be non-random, hence raising selection
bias. That is, it is reasonable to assume that the decision to experience sexual
debut or stay in abstinence is not qualitatively similar, but rather a function of
various demographic, social and economic factors, most notably age and gender
(Bezabih et al., 2010). An additional problem is that, we can only observe risky
sex index (i.e. sexual behaviours) amongst those who have experienced sexual
debut10 and we have missing information on sexual behaviours (i.e. condom use,
relationship type and number of sex partners needed to calculate the risky sex
index) amongst those who have not sexually debuted. This missing information
amongst this group (i.e. the never had sex group) is allocated zeroes in the
risky sex index, thus producing a censored sample. However, estimating a tobit
model, which accommodates for the excess zeroes, is problematic and is unlikely
to produce unbiased estimates.

To this effect, it is more appropriate to use a censored two stage model
(CTSM)11 following current literature (e.g. Okten et al., 2004; Bushway et al.,
2007; Zhao et al., 2012). In the first stage a probit model (equation 1) for
selection outlining whether individual ihas sexually debuted or not is estimated
and the inverse Mills ratio selectivity term is saved and included in the second
stage limited-dependent variable model as an additional regressor. Where ysi is
dichotomous and takes the value of 1 if individual i has sexually debuted and
0 otherwise; wi represents the determinants of first sex coitus following existing

10Recall that sexual debut in this study refers to whether an individual has had sex (i.e.
full penetration). We do not consider other sexual behaviours that do not involve penetration
e.g. oral sex. Hence our assertion that sexual behaviour (e.g. condom use) is only observed
when an individual has sexually debuted.

11 It is important to note that CTSM differs from the two part model (TPM). After the first
stage selection equation, the second stage model in TPM only includes the selected sub-sample
(Wooldridge, 2002; Bushway et al., 2007), in our case, it would only include the group that
has had sex. Hence we use CTSM in our analytical framework since we are interested in both
groups (i.e. those that have had sex and those that have not had sex). Importantly, in our
study the zeroes in the second stage model have meaningful values as they represents no risk
of HIV infections amongst the group that has not yet had sex.
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literature (e.g. Gilliam et al., 2007; Lohman and Billing 2008; Peltzer 2010) and
include age, income, gender, education and knowledge of HIV/AIDS and εi is
the error term. Admittedly, finding highly plausible exclusion restriction that
can separate sexual debut decision from the sexual risk decision is a difficult
task. In an attempt, as our exclusion restriction, we use a dummy capturing
whether abstinence is acknowledged as an HIV prevention method. Current
literature shows that despite of the high HIV/AIDS knowledge levels, sexual
risk taking still occurs in developing countries (see e.g., Oster, 2012), which
somewhat supports our exclusion restriction12 .

ysi = {
1 if ys∗i = α′wi + εi > 0
0 otherwise

(1)

The limited-dependent variable model (equation 2) includes all observations
from the two groups (i.e. those that have had sex and those that are in absti-
nence) and where missing outcome (risky sex index) are given zero values. One
of the main requirements of the CTSM is that the censored observations in the
second stage limited-dependent variable model need to have meaningful values
(Bushway et al., 2007). This fits well within our analytical framework in that
zero values represents individuals who have no risk of contracting HIV through
sexual transmission (we do not include the risk of HIV infection outside sexual
intercourse e.g. infection from needle sharing or blood transfusion) as they have
not yet had sex, and the risk of HIV acquisition increases with the increase in
the risky sex index.

yi|y
s
i = α+ β1.h̃i + β2.Xi + β3.E[mi] + β4.γhealthg + β5.λi + ui (2)

The final estimation model is a selectivity corrected tobit model where yi is
the risky sex index, yi > 0 if the individual has sexually debuted or yi = 0 if the
individual has not sexually debuted, h̃i is expected health, Xi are individual
control variables, E[mi] is expected income, γhealthg is health uncertainty in
the social group, λi is the inverse Mills ratio and ui is the error term. The
inverse Mills ratio omits the biasedness from selection and is synonymous to
the inclusion of an omitted variable (Okten et al., 2004). A significant Mills
ratio coefficient confirms selectivity bias. Additionally we augment the second
stage limited-dependent variable model (tobit model) with a linear model (ols)
following Angrist and Pischhke (2008) who found that one gets similar results
from linear estimation as with tobit or probit models, when the outcome is a
limited-dependent variable (e.g. probit or tobit).

Further recall that our study uses two different measures of expected health:
life expectancy from the INDEPTH model life tables and life expectancy from
malaria frequency. In the former measure we calculate three life expectancies
using different information from the life tables. As previously explained two of
these life expectancies are unlikely to be non-HIV life expectancy since post-

12According to our sample the fraction who agreed with these statement and those who
disagree is 0.64 and 0.36 respectively.

12



HIV mortalities were used in their computation. Also recall that the two health
uncertainty derived from the variance of life expectancy (from the post- HIV
mortalities) at the social group level is also likely to be endogenous. To address
the endogeneity in these two expected health measures and their related health
uncertainty we use instrumentation. The instrumental variable (IV) strategy
exploits social grouping. More specifically, recall that the social groups con-
sist of individuals with similar gender, age and income, accordingly each group
contains the average expected health and the health uncertainty (variance of life
expectancy).

We use the trendsetter IV, an extension of the work of Grodner and Kniesner
(2006) and Etile (2007). This instrumental variable which introduces trendset-
ters and age variation between social groups is grounded on the premise that
older social groups are more likely to set the trend for younger groups in similar
socioeconomic (gender and income) neighbourhoods13 . As a result it is suffice
to say that the older social groups expected health and health uncertainty can
be used as IVs for younger social groups whereas the opposite is not true, since:

COV (γhealtholdg′γhealthyoungg) �= 0, cov(γhealtholdg′uyoung ind) = 0, whereas,

COV (γhealtholdg′uyoung ind) �= 0. The assertion that older social groups

are more likely to be trendsetters of younger groups in similar socioeconomic
neighbourhoods is supported by a series of literature.

First and foremost studies of Helleringer and Kohler (2005), Anglewicz
(2006) and Kohler et al., (2007) have interestingly observed that the HIV/AIDS
risk perception even the levels of worry in a social network have a strong link
with the individuals assessment of their own risk and their level of worry.
Against this background our argument is that the health related contextual
factors of younger social groups are likely to be based on health related trends
from the older social groups. This is because the current literature shows that
trends are usually initiated into a particular sub-cultures or groups by early
adopters or initiators before spreading to other groups in the social system or
culture. The early adopters or initiators are the so called trendsetters (Pinker-
ton et al., 1998; Bertrand, 2010; Salvini and Vignoli, 2011). Consequently,
the key insight is that trends do not just appear but rather they emerge in
some sub-cultures and diffuses to other sub-groups. See Hendlin et al., (2009)
and Alexander et al., (2001) for trendsetters and smoking; Kelly et al., (1992),
Kelly et al., (1993), Pinkerton et al., (1998), Geary et al., (2006) and Bertrand
(2010) for trendsetters and sexual behaviours related to HIV/AIDS; Dragone
and Savorelli (2012) on fashion industry and trendsetters; Salvini and Vignoli
(2011) in marital disruption; Montgonery et al., (1998) and D’Addato et al.,
(2008) in changes of fertility patterns. As such based on this trendsetting
concept the COV (γhealtholdg′γyoungg) �= 0. The trendsetter IV (older social

groups) is correctly excluded because although the contextual factors of the

13We assume a 5 year age demarcation between social groups. Such that group g+5 is the
older group of g.
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young and the old social groups will be correlated, the ‘similar others’ con-
cept14 dictates that it is only the contextual factors in your own group that are
likely to influence your own behaviour or characteristics. Hence the assertion
that COV (γhealtholdg′uyoung ind) = 0. The limitation of this IV is that the old-

est social group is always excluded as no older social group exists that can be
used as IV. Furthermore the IVs make our estimation model exactly identified.
We use the Anderson canon correlation test under the null hypothesis that the
model is underidentified, that is, IVs are irrelevant and are not correlated with
endogenous regressors.

4 Estimation Results

4.1 Regression Results using INDEPTH Model life tables

Table D.1 in Appendix D shows the descriptive statistics of our main variables.
Table 1 shows the results from the second stage CTSM model. The results of
the first stage CTSM model are shown in Table E.1 in Appendix E. To take
into account the aggregated nature of the data we used robust standard errors
adjusted for clustering at social group or community level. For a discussion
on robust standard errors and clustered data see Moulton, (1990); Williams,
(2000); and Wooldridge, (2003)15 . The estimates in Table 1 reports results
using the life expectancy derived from the INDEPTH life tables. In Panel A
we use current child mortality rates (what we refer to as post-HIV mortalities)
and pattern 2 from the life tables thus producing HIV-life expectancy, which is
instrumented for by the trendsetter IV. The Anderson test results in the last row
of Table 1 show that the models are identified. The estimates in Panel B are
based on non-HIV life expectancy calculated from pre-HIV mortalities of the
1980s DHS data and pattern 1 (West and Central Africa) of the life table. We
treat this as an exogenous variable as it is unlikely to be influenced by HIV and
thus unlikely to be endogenous to risky sex. Columns 1 and 2 (Panel A) depict

14Social interaction literature argues that in general individuals who are similar are likely
to interact. While sociologists refer to this similar other tendency as inbreeding or homophily,
economists refer to this as positive matching or assortative matching (Conley and Topa, 2002).
The most recent studies at the nexus of social group and ‘similar others’ can be found in
Etile (2007) when analysing the norms related to body weight. Other studies that have
also relied on the ‘similar others’ concept are peer effect studies where the group is usually
represented by classmates, under the assumption that students interact because they share
similar courses/classrooms. See Giorgi et al., (2010); Fletcher (2010) and Lundborg (2006).
There are groups that have been formed based on religious similarity see Munshi (2006).
Vendrick (2003) has also eluded to the fact that social groups are made of individuals with
similar characteristics such as age, education and number of children. Others such as Liljer
et al., (2003) have noted that individuals are likely to interact if they are of the same social
class, age group and ethnic group, while Carter et al., (2007) notes age, gender and religious
similarity.

15The discussion is on biasedness of standard errors in estimation models with aggregated
data and micro observations. In our model this relates to health uncertainty regressor which is
aggregated at the social group or community level. Hence the results presented in this paper
are based on robust standard errors adjusted for clustering at the social group or community
level. It is worth noting that bootstrap yields consistent results.
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the estimates from ivtobit and gmm respectively to accommodate for sample
selection and endogeneity, that is, a selectivity model with instrumentation for
HIV life expectancy. Columns 3-4 in Panel B show the estimates from the non-
HIV life expectancy, where column 3 shows the tobit estimates, while Column
4 depicts ols estimates.

As expected the sample selection bias correction term, the coefficient of the
inverse Mills ratio, is significant at the 1% level for all models. This indicates
that sample selection bias introduced after including the population that is not
sexually active is indeed present in the model and that the use of the CTSM
is warranted. However, due to the difficulty in interpreting this coefficient (see
Dolton, 1984; Duncan and Leigh, 1985), we put this matter to rest. Our main
interest here was to identify and correct for selectivity. We find income to be
positive and significant when we use non-HIV life expectancy (Panel B). This
indicates that an increase in income is associated with an increase in the incen-
tive to engage in risky sexual practices. On the other hand expected health in
accordance with the theoretical model is negative and significant in determining
individual sexual choices. As an individual’s expected future health improves,
they are therefore more likely to revise their sexual behaviours to less risky
behaviour. The implication is that an increase in future health increases the
incentive to abstain from unsafe sex as predicted by Mannberg’s (2012) theo-
retical model. We find consistent results even after using the different types
of expected health measures from the INDEPTH model. Bezabih et al., (2010)
found similar results among the youth in Cape Town, although the coefficient
was not significant. It is worth noting that their expected health measure was
based on subjective life expectancy while our current measure is an objective
measure, which could explain the differences in our results.

The positive health uncertainty coefficient supports Mannberg’s (2012) the-
ory that the contextual effects of health uncertainty is likely to reduce the in-
centive to abstain from unsafe sex, as the coefficient is statistically significant.
This indicates that individuals’ who live in areas with high uncertainty regard-
ing their health prospects increases their sexual risk taking. We observe that
the level of sexual risk taking decreases with education as shown by the neg-
ative and significant education coefficient. We find the knowledge variables to
be positive and statistically significant. Our findings are similar to Bezabih et
al., (2010) who found knowledge to be positive and significant, while on the
other hand Oster (2012) found HIV knowledge to be insignificant. A number of
studies have observed persistence in sexual risk taking in spite of adequate HIV
related knowledge (e.g. Pettitor et al., 2000; MacPhail and Campbell 2001).
Importantly however, we recognise the weakness associated with indices — type
and number of variables included in the index, the aggregation method and
interpretation (for more details see Filmer and Scott, 2008; Wittenberg, 2011).
With these caveats in mind and as a further robustness test, we replace the
risky sex outcome with number of sex partners and condom use. Table F.1
in Appendix F shows the results using these alternative outcome variables. In
Panel A, as before, we use the malaria frequency measure, while in Panel B we
re-ran the regression using the life table measure. We take comfort in the fact
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that we obtain qualitatively similar results.

4.2 Regression Results using Malaria Frequency

As previously mentioned we recognise the potential weaknesses of the previous
methodology. First, the life expectancy from INDEPTH life tables is likely to
be endogenous, that is, it is unlikely to be non-HIV life expectancy. Second, our
social group composition is likely to be prone to measurement error. Accord-
ingly, in this section we use an alternative estimation strategy. This alternative
approach uses life expectancy from malaria frequency. The premise is based on
the fact that malaria frequency is mainly determined by climatic factors and
as such is unlikely to be endogenous to sexual risk taking (Oster, 2012). Table
3 shows the second stage CTSM model. The models presented are based on
robust standard errors with clustering at the country level. Panel A depicts the
estimates from non-HIV life expectancy using malaria frequency, while Panel
B shows the results of the non-HIV life expectancy (1980s mortality) from the
INDEPTH life tables. Panel B of Table 2 is similar to Panel B of table 1 with
the only difference being that while in Table 1 we used social group aggregation
in Table 2 we use country aggregation. Again, we obtain the theoretically ex-
pected sign in our main coefficients, in addition these coefficient are significant
at the 1% level.

A remaining concern here is whether the health uncertainty (variance of life
expectancy at country level) coefficients obtained in Table 2 is driven by omit-
ted unobservable confounder. To this effect we implement a falsification test
following Lavy and Schlosser (2007). In the test we develop a health uncertainty
placebo by replacing the health uncertainty for each country with another coun-
try in a different region. For example health uncertainty in Kenya (Eastern
Africa) is replaced with health uncertainty of Swaziland (Southern Africa). We
do not expect any significant effect using this health uncertainty placebo. In
other words, the health uncertainty level in Swaziland is not expected to in-
fluence individual behaviour in Kenya. Table 3 presents the expected evidence
from this falsification test, in that, the health uncertainty placebo coefficient is
not statistically significant.

5 Conclusion

This paper examines how risky sex is associated with expected health and health
uncertainty. It contributes to the related literature in a number of ways. First,
we use a large sample of 56,134 adults in their reproductive age. Second, we use
two measures of expected health: life expectancy from life tables and malaria
frequency. Third, we assess the role of context in sexual behaviour which is
captured by health uncertainty measured as the variance of life expectancy
(from life tables and malaria frequency) at social group and community level.
Fourth, we measure overall risk taking by aggregating sexual behaviours into a
risky sex index.
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The results generally suggest that an increase in health uncertainty reduces
the incentives to refrain from unsafe sex practices, and that an increase in fu-
ture health increases incentives to abstain from risky sex. These findings are
consistent with recent studies by Oster (2012) and Bezabih et al., (2010). Some
qualitative studies have also observed a link between uncertainty and risky sex-
ual behaviours in sub-Saharan Africa (e.g. Varga, 1997, 2001). Studies in other
settings involving uncertainty have made similar observations. For instance war
zone areas in sub-Saharan Africa have also been associated with increased sexual
risk taking (e.g. Benz, 2005).

Over the past decades public health policies have in general concentrated
on individualistic approaches (e.g. improving HIV/AIDS related knowledge)
in an attempt to curb unsafe sexual practices. This is due to the realisation
that the sub-Saharan African epidemic cannot be reversed without eliminating
risky sexual behaviours (UNAIDS, 2010). Only relatively recently has the influ-
ence of physical and social context on sexual behaviour gained an exponential
interest and hence one of the drivers for the UNAIDS ‘know your epidemic’ cam-
paign. In this study we concur with this approach and argue that recognising
and considering the context within which these risky sexual behaviours occur is
equally important. We observe that health and uncertainty appear to be back-
ground factors hindering the practice of protective sexual behaviour. Generally,
sub-Saharan Africa is characterised by poor health prospects and an uncertain
physical and social environment. Typical examples include the unavailability
or unaffordability of healthcare, food and nutrition. In light of the above, we
conclude that it is paramount to look at the context within which risky sexual
behaviours can be altered.
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Table 1: Risky Sex Results using INDEPTH Life Tables 

 
 Panel A 

HIV life expectancy: 
Panel B 

non-HIV life expectancy: 

 2000s mortality rates 

& pattern 2 

1980s mortality rates 

& pattern 1 

Dependent variable: Risky sex (1) (2) (3) (4) 

 ivtobit gmm tobit ols 

Expected health -0.0517*** -0.0427*** -0.0198*** -0.0160*** 

 (0.00505) (0.00341) (0.00166) (0.00107) 

Health uncertainty 0.00602* 0.00631*** 0.00361*** 0.00285*** 

 (0.00316) (0.00228) (0.000688) (0.000549) 

Expected income 0.000707 0.000572 0.00157** 0.00128** 

 (0.000555) (0.000413) (0.000634) (0.000501) 

Education, years 0.0236*** 0.0200*** -0.00863 -0.00694 

 (0.00744) (0.00568) (0.00547) (0.00437) 

Mills ratio -16.22*** -12.93*** -11.33*** -9.140*** 

 (1.406) (0.852) (1.135) (0.745) 

HIV prevention, one partner -0.0276*** -0.0255*** 0.0366*** 0.0289*** 

 (0.00994) (0.00769) (0.00797) (0.00601) 

Healthy looking person, HIV 0.0306*** 0.0227*** 0.0844*** 0.0677*** 

 (0.00934) (0.00706) (0.0117) (0.00838) 

Rural -0.0152* -0.0142** 0.0144* 0.0106 

 (0.00822) (0.00636) (0.00807) (0.00643) 

Constant 18.96*** 15.35*** 12.63*** 10.38*** 

 (1.511) (0.906) (1.148) (0.749) 

Observations 51,263 51,263 56,134 56,134 

R-squared  0.206  0.184 

Anderson canon correlation statistics (p-value) 0.0000 0.0000   
 

● Robust standard errors clustered by social group in parentheses   ● *** p<0.01, ** p<0.05, * p<0.1 indicates significance at 1%, 

5% and 10%    ● Rural reference is Urban ● Instrumented for expected health and health uncertainty in panel A. Excluded 

instruments: mean expected health of older social group, health uncertainty of older social group  
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Table 2: Risky Sex Results using Malaria Frequency 

 

 Panel A Panel B 
 Expected health measure is 

malaria frequency 

Expected health measure is 

INDEPTH life expectancy 

 Health uncertainty measure is 

variance of malaria frequency 

at country level 

Health uncertainty measure is 

variance of malaria frequency 

at country level 

Dependent variable: Risky sex (1) (2) (3) (4) 

 tobit ols tobit ols 

Expected health -0.0345** -0.0284** -0.0184*** -0.0151*** 

 (0.0135) (0.0110) (0.00299) (0.00226) 

Health uncertainty 0.0126*** 0.00995** 0.00214*** 0.00178*** 

 (0.00462) (0.00381) (0.000280) (0.000208) 

Expected income 0.00177*** 0.00142** 0.000763 0.000609 

 (0.000512) (0.000404) (0.000488) (0.000394) 

Education, years -0.0398*** -0.0317** -0.0288*** -0.0229** 

 (0.00970) (0.00791) (0.0103) (0.00864) 

Mills ratio -13.05*** -10.59*** -11.54*** -9.362*** 

 (2.422) (1.925) (2.912) (2.289) 

HIV prevention, one partner 0.0796** 0.0628* 0.0638** 0.0505* 

 (0.0367) (0.0280) (0.0308) (0.0236) 

Healthy looking person, HIV 0.114*** 0.0914*** 0.0667*** 0.0538** 

 (0.0232) (0.0174) (0.0199) (0.0153) 

Rural 0.0302 0.0234 0.00686 0.00440 

 (0.0310) (0.0254) (0.0246) (0.0200) 

Constant 13.61*** 11.24*** 12.77*** 10.55*** 

 (2.384) (1.897) (2.906) (2.280) 

Observations 56,134 56,134 56,134 56,134 

R-squared  0.038  0.193 
 

● Robust standard errors clustered by country in parentheses   ● *** p<0.01, ** p<0.05, * p<0.1 indicates significance at 1%, 5% and 

10%      ● Rural reference is Urban  
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Table 3: Risky Sex Results using Malaria Frequency – Falsification test 

 

 Panel A Panel B 

 Expected health measure is 

malaria frequency 

Expected health measure is 

INDEPTH life expectancy 

 Health uncertainty measure 

is variance of malaria 

frequency at country level 

Health uncertainty measure 

is variance of malaria 

frequency at country level 

Dependent variable: Risky sex (1) (2) (3) (4) 

 tobit ols tobit ols 

Expected health -0.0386** -0.0317** -0.0152*** -0.0123*** 

 (0.0151) (0.0123) (0.00252) (0.00186) 

Health uncertainty 0.00661 0.00532 9.31e-05 7.93e-05 

 (0.00736) (0.00593) (0.000879) (0.000722) 

Expected income 0.00204*** 0.00163*** 0.00159** 0.00130** 

 (0.000460) (0.000352) (0.000623) (0.000503) 

Education, years -0.0401*** -0.0319*** -0.0202* -0.0159 

 (0.00978) (0.00782) (0.0117) (0.00950) 

Mills ratio -11.99*** -9.737*** -10.79*** -8.725*** 

 (2.437) (1.963) (2.354) (1.875) 

HIV prevention, one partner 0.0827** 0.0653* 0.0500 0.0395 

 (0.0357) (0.0271) (0.0404) (0.0314) 

Healthy looking person, HIV 0.112*** 0.0894*** 0.0791*** 0.0638** 

 (0.0237) (0.0181) (0.0212) (0.0165) 

Rural 0.0316 0.0244 0.0126 0.00897 

 (0.0296) (0.0244) (0.0280) (0.0228) 

Constant 12.55*** 10.38*** 12.04*** 9.925*** 

 (2.399) (1.934) (2.419) (1.922) 

Observations 56,134 56,134 56,134 56,134 

R-squared  0.038  0.193 
 

● Robust standard errors clustered by country in parentheses     ● *** p<0.01, ** p<0.05, * p<0.1 indicates 

significance at 1%, 5% and 10%      ● Rural reference is Urban  
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Appendix A: Theoretical Model Framework 

This study adopts the theoretical framework of Mannberg (2012), to include contextual 

effects of health uncertainty into the previous models of health and sexual behaviour (e.g., Oster 

2012). The theory is based on a utility maximising individual who trades off future health and 

pleasure derived from sexual activities in the present. The theory considers a two period utility 

model where an individual consumes goods (c), health (h) and sex (x). The preferences in period t 

are captured by the following lifetime utility function:               , where   

        consumption of goods in period one and two:           is consumption of health: 

               is consumption of safe sex and is                   consumption of risky sex. The 

utility function is assumed to be twice continuously differentiable, increasing in each argument and 

strictly concave. The consumption of risky sex yields more utility than the consumption of safe sex. 

Furthermore the consumption of safe sex and risky sex are assumed to be additively separable. In 

addition to this, the consumption of risky sex in period two does not have any implication on health 

since the individual only lives for two periods (Mannberg, 2012). 

The theory further assumes that the individual faces two types of risks. The first being the 

risk of contracting HIV and the second is the exogenous risk associated with a change in health due 

to a stochastic health shock. The probability of HIV infection through unprotected sex is        , 

while              is the probability of not being infected and hence staying HIV negative. 

However, if infected an individual is assumed to die in period one and therefore does not reach 

period two. On the other hand, the changes in health brought about by the stochastic health shock 

are reflected by high or low health represented by probability   and       respectively. 

Additionally, the difference between high and low health, which Mannberg (2012) refers to as the 

‘spread’ is given by                . Finally, if the individual lives up to period two then the 

expected value of future health in period two,     implies that                     and      

        . This suggests that expected utility in period one can be expressed formally as follows:  

                                                              (A.1) 

From equation (1)       is the scale factor of the utility of safe sex and        is 

the exogenous discount parameter
1
. Subsequently, the expected utility in period two is depicted in 

                                                 
1
 According to Mannberg’s (2012) theory living in an area with a high risk of dying from other causes apart of HIV implies that there is no guarantee to 

returns on investing in protective sexual behaviour. The implication is that the presence of future health uncertainty may result in risk averse individuals 

acting short-sightedly and hence practice riskier sexual behaviours. Mannberg (2012) acknowledges that practicing riskier sexual behaviour maybe a result 

of hyperbolic discounting, that is, present bias preference. The theory however does not include this in an individual’s sexual behaviour decision. 

Mannberg (2012) argues that hyperbolic discounting is likely to be present in all cultures and that there is lack of evidence to show that individuals who 
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equation (A.2), while the inter-temporal budget constraint in period one and two are shown in 

equation (A.3) and (A.4) respectively: 

              
   

                                                   (A.2) 

                                 (A.3) 

                             (A.4) 

In the equation above p and q are the price of protected sex and unprotected sex 

respectively. Therefore the first order conditions for safe sex, risky sex and savings take the 

following form as revealed in equation (A.5), (A.6) and (A.7) respectively: 

      

   
    

        
       

                            (A.5) 

      

    
     

        
     

                   
                      

                    

(A.6) 

      

  
         

             
                      

                 (A.7) 

Accordingly, the model yields the following predictions:  
    

  
      

    

    
   and 

    

   
  . 

That is, an increase in uncertainty of future health reduces the incentives to abstain from risky sex. 

Secondly, an increase in expected level of future health increases incentives to abstain from risky 

sex. Finally, an increase in future income has ambiguous effects on incentives to engage in risky 

sexual practices (Mannberg, 2012). The theoretical framework implies the following econometric 

model that specifies the relationship between risky sex, expected income, expected health and 

health uncertainty. 

       
 
       

 
  

      
   

 
           

                    (A.8) 

Where    is risky sex,     is expected health,  
      

 is health uncertainty,       is expected 

income,   are our control variables, and    is the error term. 

  

                                                                                                                                                                  
are susceptible to HIV have a higher hyperbolic utility function. Hence the theory omits present bias preference from the analysis and concentrates on a 

comparison between behaviours in areas that have high health uncertainty to those that have low health uncertainty. 
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Appendix B: Risky sex 

Table B.1: Risky Sex Index 

 

 Panel A Panel B 
Risky sex 

quartiles 

Age of 

sexual debut 

No. sex 

partners 

Relationship 

type 

Condom 

use 

Kenya Tanzania Uganda Lesotho Swaziland Zimbabwe 

1 20.357 1.000 1.033 0.077 32.7 29.8 23.6 32.7 26.6 46.7 

2 16.489 1.000 1.050 0.058 17.9 23.1 23.5 15.0 13.7 18.6 

3 14.754 1.238 1.057 0.051 28.7 28.8 36.4 17.6 13.6 16.2 

4 17.026 1.271 3.121 0.474 20.7 18.4 16.6 34.8 46.1 18.6 

 

Relationship type: 1=spouse, 2=partner (live-in), 3=partner (not live-in), 4=casual acquaintance 

Condom use: 0=condom use, 1=no condom use 

 

 

 

Appendix C: Health uncertainty measures 

Figure C.1: Health uncertainty measures 

 

 
 

 

 

Figure C.2: World Bank health indicator - adult mortality per 1000 adults 
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Appendix D: Descriptive Statistics 
 

Table D.1: Descriptive Statistics 

 

Variable Mean Std. Dev. 

Risky sex index 0.8130 0.4055 

Had sex 0.8028 0.3979 

Number of sex partners 1.1084 0.4968 

Condom use 0.1584 0.3651 

Age 27.9504 9.6348 

Female 0.6777 0.4673 

Education 6.8813 3.8089 

Log household income 3.6505 0.5702 

PCA (DHS) wealth index 3.2075 1.4376 

CFA wealth index 1.6559 0.3790 

Expected health (2000s mortality rates & INDEPTH pattern 2) 43.1555 8.2445 

Expected health (1988 mortality rates & INDEPTH pattern 1) 46.6779 11.8166 

Expected health (malaria frequency) 6.1209 3.6032 

Health uncertainty (2000s mortality rates & INDEPTH pattern 2) 19.6792 6.9196 

Health uncertainty (1988 mortality rates & INDEPTH pattern 1) 21.3461     7.6832 

Health uncertainty (malaria frequency) 4.7998 5.0829 

Knowledge: HIV prevention, one partner 0.8957 0.3057 

Knowledge: Healthy looking person, HIV 0.8707 0.3356 

Residence: Rural 0.7175 0.4502 
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Appendix E: Results of the First Stage CTSM 
 

Table E.1: First Stage CTSM 

 

 (1) (2) (3) 
Dependent variable: Had Sex Individual 

characteristics 

only 

Individual 

characteristics 

& HIV 

knowledge 

Individual 

characteristics & 

HIV knowledge 

& Country 

Age  0.117*** 0.116*** 0.117*** 

 (0.000829) (0.000766) (0.000799) 

Age squared -0.00157*** -0.00157*** -0.00157*** 

 (1.22e-05) (1.12e-05) (1.20e-05) 

Gender 0.0162*** 0.0164*** 0.0119*** 

 (0.00218) (0.00283) (0.00276) 

Income 0.000195*** 0.000200*** 0.000221*** 

 (4.44e-05) (5.13e-05) (5.47e-05) 

Education -0.00803*** -0.00832*** -0.00818*** 

 (0.000307) (0.000320) (0.000359) 

Rural 0.0110*** 0.0114*** 0.0114*** 

 (0.00262) (0.00299) (0.00255) 

HIV prevention, one partner  0.0200*** 0.0164*** 

  (0.00426) (0.00470) 

Healthy looking person, HIV  0.0114*** 0.0159*** 

  (0.00351) (0.00331) 

Lesotho    0.00795 

   (0.00496) 

Swaziland    -0.0397*** 

   (0.00419) 

Tanzania    -0.0301*** 

   (0.00416) 

Uganda    -0.0146*** 

   (0.00487) 

Zimbabwe    -0.0441*** 

   (0.00441) 

Constant -0.914** -0.946 -0.914 

 (0.364) (2.160) (0.799) 

Select    

HIV prevention, abstinence 0.116* 0.116 0.116 

 (0.0696) (0.0764) (0.0747) 

Constant 2.912*** 2.911*** 2.911*** 

 (0.0548) (0.0643) (0.0627) 

Mills    

lambda -33.72 -31.11 -32.28 

 (72.52) (513.0) (180.3) 

Observations 56,134 56,134 56,134 
 

● Robust standard errors clustered by country in parentheses   ● Rural reference is Urban   ● Country reference is 

Kenya 
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Appendix F: Results using Alternative Outcome Variable 

Table F.1: Number of Sex Partners and Condom Use as the outcome Variables 

 

 Panel A 

Expected health measure is 

malaria frequency 

Panel B 

Expected health measure 

is INDEPTH life 

expectancy 

 Health uncertainty measure 

is variance of malaria 

frequency at country level 

Health uncertainty 

measure is variance of life 

table at country level 

 (1) (2) (3) (4) 

Dependent variable: Number of 

sex Partners 

Condom use Number of 

sex Partners 

Condom 

use 

Expected health -0.0198*** -0.0288*** -0.0513** -0.0505* 

 (0.00284) (0.00554) (0.0185) (0.0243) 

Health uncertainty 0.00200*** 0.00383*** 0.00890* 0.0451*** 

 (0.000328) (0.000668) (0.00440) (0.00798) 

Expected income 0.000761 0.00142* 0.00180** 0.00257** 

 (0.000554) (0.000681) (0.000547) (0.000723) 

Education, years -0.0229* -0.0880*** -0.0352*** -0.0988*** 

 (0.00918) (0.0119) (0.00791) (0.0167) 

Mills ratio -14.02*** -8.034 -15.61*** -11.86** 

 (3.094) (4.337) (2.147) (3.516) 

HIV prevention, one partner 0.0411 0.109* 0.0571 0.132* 

 (0.0240) (0.0502) (0.0307) (0.0556) 

Healthy looking person, HIV 0.0546** 0.0733* 0.0998*** 0.157*** 

 (0.0189) (0.0353) (0.0214) (0.0303) 

Rural 0.00529 0.0929** 0.0305 0.127** 

 (0.0254) (0.0250) (0.0314) (0.0368) 

Constant 15.45*** 10.28* 16.32*** 13.09** 

 (3.104) (4.363) (2.109) (3.442) 

Observations 56,134 56,134 56,134 56,134 

R-squared 0.133 0.192 0.023 0.059 

 
● Robust standard errors clustered by country in parentheses     ● Rural reference is Urban  ● *** p<0.01, ** p<0.05, * 

p<0.1 indicates significance at 1%, 5% and 10%           
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